Environmental antibiotic risk management requires an understanding of how subinhibitory 25 antibiotic concentrations contribute to the spread of resistance. We develop a simple model of 26 competition between sensitive and resistant bacterial strains to predict the minimum selection 27 concentration (MSC), the lowest level of antibiotic at which resistant bacteria are selected. We 28 present an analytical solution for the MSC based on the routinely measured minimum inhibitory 29 concentration (MIC) and the selection coefficient (sc) that expresses fitness differences between 30 strains. We calibrated the model by optimizing the shape of the bacterial growth dose-response 31 curve to antibiotic or metal exposure (the Hill coefficient, κ) to fit previously published 32 experimental growth rate difference data. The model fit varied among nine compound-taxa 33 combinations examined, but predicted the experimentally observed MSC/MIC ratio well (R 2 ≥ 34 0.95). The shape of the antibiotic response curve varied among compounds (0.7 ≤ κ ≤ 10.5), with 35 the steepest curve for the aminoglycosides streptomycin and kanamycin. The model was sensitive 36 to this antibiotic response curve shape and to the sc, indicating the importance of fitness 37 differences between strains for determining the MSC. The MSC can be more than one order of 38 magnitude lower than the MIC, typically by a factor sc κ . This study provides an initial 39 quantitative depiction and a framework for a research agenda to examine the growing evidence 40 of selection for resistant bacteria communities at low environmental antibiotic concentrations. 41
Introduction 42
Effective management of antibiotic risks in the environment requires an understanding of the 43 factors responsible for the emergence, transmission, and maintenance of antibiotic resistance (1). 44
It is particularly important to address the question of when resistant bacteria predominate as a 45 result of environmental antibiotic pollution (1-5). For example, insights are also needed into the 46 extent to which antibiotics in aquatic environments contribute to the spread of resistance, and to 47 the long-term prevalence of resistant infections in humans (2, 5). 48
The mutant selection window (MSW) paradigm states that resistant mutants may develop between 49 the lowest boundary concentration of selection for resistance, and the upper boundary 50 concentration of growth inhibition of the most resistant potential mutant (the mutant prevention 51 concentration, MPC) (6, 7). The paradigm further indicates that the lower boundary concentration 52 of the MSW is the minimum concentration that inhibits colony formation (MIC, ng ml −1 ), and the 53 MIC has been useful to evaluate hazard of selection for resistance in natural aquatic environments 54 (4, 8) . Considerable research in vitro and in vivo has demonstrated that resistant mutants develop 55 between the MIC and the MPC (7, 9, 10), but many laboratory and theoretical studies indicate that 56 resistant mutants can also be preferentially selected above the minimum selective concentration 57 (MSC, ng ml −1 ), defined as the lowest concentration at which a resistant strain outcompetes and 58 displaces sensitive isolates (1, (11) (12) (13) (14) (15) (16) (17) (18) . Because the MSC can be lower than the MIC, and to 59 minimize the hazard of resistance occurring in the natural environment (e.g., aquatic systems), 60 further characterization and understanding of the MIC versus MSC relationship would be 61 beneficial (8). 62
Laboratory experiments (11-13, 16, 18) have elegantly demonstrated MSCs ranging from 1/4 to 63 below 1/200 of the MIC for antibiotics of several classes (e.g., macrolide, aminoglycoside, 64 fluoroquinolone, and antifolate) and for two metals in Escherichia coli (E. coli) or Salmonella 65 enterica serovar Typhimurium LT2 (S. Typhimurium). This finding may help explain the high 66 levels of resistance found in the environment, particularly at subinhibitory antibiotic 67 concentrations (2, 5, 11). These studies further indicate that the fitness cost of the resistance-68 conferring mutations is more important than differences in MIC between strains for discerning 69 how much below the MIC the resistant bacteria will predominate (12). However, a mathematical 70 description of the competition between strains would aid in understanding strain-and antibiotic-71 specific results and generalizing to a wider range of situations. 72
Mechanistic mathematical models, including experimentally validated pharmacodynamic/ 73 pharmacokinetic models, describe antibiotic effects better than simple MIC measurements (19-74 23). For example, the shape of the antibiotic dose-response curve is very important to the 75 microbiological efficacy of antibiotic treatment regimens at high (treatment) levels (19) . The 76 implications of this understanding of dose-response curve shape for low (subinhibitory) antibiotic 77 levels and for calculation of the MSC, while relevant for selection of resistance, have not been 78 considered in as much depth. To complement the recent empirical research (1, 11-13, 16, 18) , 79 there remains a need for a quantitative model describing the MSC, i.e., the minimum 80 environmental antibiotic concentration that allows resistant bacterial strains to dominate. Such a 81 model can generate testable predictions, identify the factors that determine water or soil antibiotic 82 concentrations that select for resistance, and be incorporated into risk assessments of antibiotic 83 resistance development (1). 84
An analytical solution for the MSC has two potential uses. First, model sensitivity analysis and 85 examination of parameter structure may provide insight on the relationship between commonly 86 considered bacterial growth and antibiotic dose-response parameters and the MSC itself. Second, 87 current methodology to accurately measure the MSC requires direct measurement of competition 88 between bacterial strains and specialized methods such as fluorescent cell tagging and flow 89 cytometry (12, 16 ). An analytical solution provides a potential alternative to these methods, instead 90 estimating the MSC based on bacterial growth rate and antibiotic dose-response parameters that 91 are routinely obtained within microbiology laboratories. To that end this paper addresses three 92 The model we propose in this paper describes the MSC based on the competition between a wild-97 type and a resistant strain of bacteria, and the key factors that favor the growth of resistant strains 98 at subinhibitory antibiotic concentrations. The model focuses on conspecific gram negative 99 bacteria (GNB), and is calibrated to the experimental results of Gullberg et al. (12, 16) for E. coli 100 and S. Typhimurium. The model illustrates the shape of the antibiotic dose-response curve as a 101 measurable and influential driver on the ratio of the MSC and MIC, and presents a hypothesized 102 dose-response relationship for use in risk assessment of resistance development in environmental 103 settings. Finally, we discuss the implications of the MSC results for increased risk of antibiotic 104 resistance selection at antibiotic concentrations observed in antibiotic-contaminated waste streams 105 and natural waters.
6
Theory 107
We develop a simple analytical expression of the ratio between the MSC and the MIC for a 108 sensitive strain (i.e., MSC/MIC), which mathematically describes the factors that determine risks 109 of subclinical antibiotic concentrations (11, 12) . The model is based on the competition between 110 two bacterial strains: a wild type sensitive strain, and mutant strain that is more resistant. 111 
Model derivation for net growth rate
The absolute selection coefficient (σ) represents the loss in fitness of resistance-conferring genes 122 as the absolute difference in net growth rate between bacteria strains (e.g., sensitive vs. resistant) 123 in the absence of antibiotics (i.e., Nint,r = Nint,s + σ). The absolute selection coefficient (σ) is directly 124 related to the fitness cost (see supplemental material about the exact definition of fitness cost and 125 its relation to the absolute selection coefficient). Accurate measurement of the absolute selection 7 coefficient (σ) can be difficult, employing competition experiments with labeled strains and flow 127 cytometry (12, 16, 24). Resistance-conferring mutations exhibit highly variable selection 128 coefficients in comparison to sensitive strains (24-27), with compensatory mutations often 129 reducing or reversing the fitness cost of resistance mechanisms (26, 28, 29). For the purposes of 130 this model, we run simulations on the assumption that resistance-conferring mutations engender a 131 loss in fitness, resulting in lower growth rates relative to less resistant strains, i.e., σ < 0 in Eq.
132
This assumption is supported in that the majority of single mutational events entail a loss in fitness 133 (24). 134
The loss in net growth due to antibiotics can be described by a generalized Hill Equation ( concentration that achieves half of this maximum rate, and will thus increase with increased 139 resistance, and κ is the Hill coefficient, which gives an indication of how steeply Dab increases 140 near the MIC (31) . For  = 1 in the range of antibiotic concentrations below the MIC, the death 141 rate increases roughly linearly. For a given strain, antibiotics with a high  value (> 1) will have 142 lower efficacy at sub-therapeutic levels, but higher efficacy at therapeutic levels above the MIC. 143
The opposite relation is true for antibiotics with low  values (19) as illustrated in Fig. 1A . 144
To determine kmax from growth and death rates, we note that kmax should correspond to the 145 difference between the maximum possible net growth rate (not limited by resource availability or 8 antibiotics; i.e., Nint), and the minimum possible growth rate, after accounting for the growth 147 Equations 5 and 6 assume identical κ and Nmin for sensitive versus resistant strains, which may not 155 be accurate. Later in the text, we revisit the impact of this assumption for estimation of the MSC. 156
Difference in net growth rate and derivation of MSC as function of MIC 157
Competition between different bacterial strains is expressed by the difference in net growth rates. 158
According to the conceptual model described by Andersson and Hughes (11) and Gullberg et al. 159 (12), Ns > Nr at low antibiotic concentrations, but the greater sensitivity causes more antibiotic-160 dependent growth inhibition for the sensitive strain. As a result, at high antibiotic concentrations, 161
Nr > Ns, and the MSC is the point of intersection of the two growth curves (Ns = Nr) for which the 162 difference in net growth rate is zero ( Fig. 1B-C Thus, the MSC is the antibiotic concentration (i.e., a = MSC) at which the two net growth rates are 167 equal and the difference (Eq. 7) is zero: In the case of a large difference in resistant versus sensitive MIC, the right-hand term in the 182 denominator approaches zero, and the equation simplifies to: 183
This simplification does not apply to small increases in MIC, such as the ∆marR and ∆acrR 185 mutants which double the MIC for ciprofloxacin (12). Eq. 11 becomes appropriate once MICr > 5 186
x MICs, at which point results from Eqs. growth dose-response to obtain κ and kmax, and Nmin would then be based on the strain intrinsic 195 growth rate (Nint) minus kmax (Eq. 5). 196
As mentioned above, Eq. 10 rests on the assumption of identical  and Nmin for sensitive versus 197 resistant strains. An analytical solution analogous to Eq. 10 could not be obtained assuming 198 separate  and Nmin (i.e., s, r, Nmin,s, Nmin,r). In the Results section below and supplemental 199 material, we employ a Monte Carlo Simulation sensitivity analysis to critically evaluate this 200 assumption of identical  and Nmin. 201
Model evaluation against experimental results 202
The analytical solution was evaluated by comparison to the experimental results of Gullberg et al. 203 (12, 16) . This evaluation was performed to determine whether the model fit to actual competition 204 data was reasonable, and to identify representative parameter sets for Nmin and , parameters, given We first evaluate the model by examining a key assumption and then comparing predicted growth 241 rates and MSC/MIC ratios to published data. We then examine model behavior and implications 242 for MSC/MIC ratio prediction. Finally, we perform a sensitivity analysis to identify the most 243 important parameters for predicting this ratio.
Model evaluation 245
Effect of varying  and Nmin for sensitive versus resistant strains: The analytical solution for Eq. 246 10 requires identical κ and Nmin for sensitive versus resistant strains. We evaluated the impact of 247 this assumption on model predictions by determining which strain-specific parameter values (i.e., 248 s, r, Nmin,s, or Nmin,r) were most important for predicting MSC. To achieve this, we performed a 249
Monte Carlo Simulation sensitivity analysis, detailed in the text and Table S1 (supplemental 250 material). In two simulations, the predicted value of MSC was obtained in Eq. 10, assuming 251 separate s, r, Nmin,s, and Nmin,r in Eqs. 5 and 6. To be robust to MIC ratio variations, the first 252 simulation had MICr = 1.5 x MICs whereas the second had MICr = 10 x MICs. In both simulations, 253
MSC was highly sensitive to s, (Spearman rank correlation coefficient,  > 0.8) but was 254 insensitive to Nmin, s or Nmin, r (|Spearman | ≤ 0.11). This much stronger influence of  than Nmin 255 is expected based on the fact that  is an exponential term (Eqs. 10, 11). MSC was also more 256 sensitive to s than r, and |Spearman | between s and MSC ( = 0.83) was more than twice || 257 between r and MSC ( = −0.39). When MICr = 10 x MICs, almost all variation in MSC was 258 explained by s ( = 0.97), with  = −0.09 for r. These results indicate that MSC will strongly 259 depend on s, the shape of the antibiotic dose-response for the sensitive strain. As a result, for 260 indirect estimation of MSC using Eq. 10, s should be well characterized experimentally. 261
Model performance for predicting difference in net growth rates: Figs For KAN, the model fit was poor, worse than 282 a simple average of the data, i.e., slope = 0 (R 2 < 0), indicating that it was not possible to fit the 283 model to the KAN data. Model fit to KAN was also poor for several alternative statistical models, 284
including Weibull, logit, logistic, and probit formulations. 285
As shown in Table 1 , the fitted  ranged widely across the nine compounds examined (0.7 to 10.5). Because it was the only experiment that included four resistance genotypes, ciprofloxacin was 293 examined more closely. Overall, fit and predictive ability were generally reasonable (R 2 = 0.81, 294 Q 2 = 0.78, PRESS/SSY = 0.29, supplemental material Table S2 ) except for downward bias in the 295 two highest ∆N results (Fig. 2) . These were both gyrA1 [S83L] versus sensitive wild-type above 2 296 ng/ml ciprofloxacin (19). The gyrA1 [S83L] comparison had a substantially different curve shape, 297 and removing this strain from the data greatly improved the model fit (R 2 = 0.97, Q 2 = 0.97, 298 PRESS/SSY = 0.04). However the change in predicted  was trivial (from 2.0 to 2.1, with Nmin 299 fixed at −2). 300
Minimum Selection Concentration: MSC/MICs was estimated (Eq. 10) based on model fitted , 301
and empirical values for sc, MICr, and MICs. For these estimates, Nint,s was set at 1.8 h −1 and Nmin 302 was either fitted or set at −2 h −1 . Model predictions corresponded well to the observed MSC/MICs 303 (12, 16) for all experiments, with either fixed or fitted Nmin (Fig. 4) , suggesting that the model is 304 appropriate to estimate the MSC/MICs ratio. The MSC/MICs ratio ranged across two orders of 305 magnitude from 0.006 to 0.66 (Table 1, supplemental material Table S3 ). 306
Sensitivity analysis 307
For a sensitivity analysis, behavior of Eq. 10 was examined across reasonable parameter ranges to 308 examine sensitivity of MSC/MICs to fitness differences (sc), antibiotic resistance differences 309 (MICr/MICs), maximum growth rate inhibition (Nmin), and intrinsic growth rate (Nint,s), 310 respectively. Eqs. 10 and 11 indicate that MSC/MICs is primarily a function of sc and , but is also the influences of sc and  on MSC/MICs. Specifically, increasing sc lowers the resistant strain 313 growth rate ( Fig. 5A-B) , whereas increasing  increases the curvature of the sensitive strain growth 314 rate ( Fig. 5B-D) , both resulting in increased MSC/MICs. As a result, modeled κ is strongly 315 associated with model predicted MSC/MICs. Thus, the Pearson correlation coefficient was very 316 high (r = 0.94) for the κ versus MSC/MICs results from Table 1 . Nint,s also decreases MSC/MICs but this only exhibits a minor influence in the plausible parameter 327 range (Fig. 6C ). Finally, increasing Nmin also decreases MSC/MICs, but this is only sensitive when 328
Nmin approaches zero (Fig. 6D ). Nmin indirectly affects MSC/MICs by influencing the MIC versus 329 EC50 relationship (Eqs. S7 and S8 in supplemental material). 330 (the most influential parameters). Over commonly observed sc ranges from 0.001 to 0.1 and  332 ranges from 0.5 to 5 (12, 25, 26, 28), MSC/MICs ranged widely from 10 −6 to 0.5. With sc = 0.01, as  decreased from 2 to 0.5, the MSC/MICs ratio decreased from typically a factor of 0.1 down 334 to less than a factor of 10 −4 , indicating that MSC values are very sensitive around  = 1. Especially 335 for low sc, slight decreases in  may correspond to steep declines in the MSC value (Fig. 6A) . 336
Discussion 337
This study model is a simple mathematical approach to describe the factors that will drive the 338 MSC, which is a relevant environmental threshold concentration for selection of resistant bacteria. The model consistently estimated the MSC/MIC ratio across the nine compound and taxa 349 combinations examined, with overall R 2 above 0.95 (Fig. 4) . This finding suggests that one could 350 estimate the MSC given: 1. the MIC; 2. intrinsic bacterial growth rate (i.e., Nint); 3. fitness loss 351 (either σ or sc measurements); and 4. the shape of a dose-response curve for antibiotic 352 concentration versus bacterial growth (i.e., ). antibiotic combination (Fig. 7) , largely due to variations in . This suggests a strong impact of 360 specific strains and growth conditions for selection, resulting in multiple orders of magnitude 361 differences among systems, and a need to understand how the antibiotic resistance dose-response 362 varies across antibiotic-contaminated environments (1), including water treatment systems, 363 agricultural waste pens, and natural waters and sediments (4, 42-45). 364
Though the model predicted the MSC/MIC well across the compounds examined, the model 365 inconsistently predicted ∆N among compounds. ∆N was predicted least well for KAN and STR, 366 both aminoglycosides. In these cases, the inability to fit ∆N well was due to the similarity of the 367 study-observed MSC versus the sensitive strain MIC (i.e., high MSC/MICs ratio). This amounted 368 to a sudden and dramatic shift from the low experimentally determined ∆N values (|∆N| < 0.04) 369 around the MSC versus ∆N > 1 at the MIC. This steep dose-response from high to zero growth of 370 the sensitive strain is evident in high  values for both STR ( = 5) and KAN ( = 10.5). The Hill 371 equation and other common statistical curves could not account for the similar MSC and MIC. The 372 high  fitted is also inconsistent with the concentration-dependent (i.e., low ) bactericidal activity 373 of aminoglycoside antibiotics described elsewhere (32, 46). Instead, the similar net growth rates 374 of susceptible versus resistant strains close to the MICs may result from adaptive resistance of the 375 susceptible strain. Adaptive resistance for aminoglycosides has been widely observed in 376 40, 50). This temporary development of phenotypic tolerance occurs due to elevated production 378 of efflux pumps counteracting growth inhibition and killing at sublethal concentrations (49). In 379 cases of adaptive resistance, the MSC may not be much lower than the MIC. In such cases, the 380 MIC may be a reasonable proxy for the MSC, as is often observed clinically (7). 381
Experimental data are currently limited to a few species, strains, and antibiotics, possibly limiting 382 the generalizability of the model performance evaluation. Thus, future experimental work is 383 warranted to evaluate the ability to estimate MSC via Eqs. 10 and 11 across a range of subclinical 384 conditions, species, strains, and antibiotics. This would include a comparison of MSC directly 385 measured in competition experiments versus MSC derived from Eq. 10 based on measurement of 386 the antibiotic dose-response of individual strains in isolation (Eqs. 4 and 5). 387
The shape of the antibiotic dose-response at subinhibitory concentrations 388
By emphasizing subinhibitory antibiotic concentrations, this study extends prior findings 389 regarding how the behavior of the Hill equation, and  in particular, influences the dynamics of 390 bacterial net growth (19, 32). The model predicts that an antibiotic with a lower  for a given set 391 of conditions (e.g., bacterial strain, media) exerts a greater selective pressure in the subinhibitory 392 region of concentrations found in the environment, resulting in lower MSC/MIC ratios. With  ≈ 393 1, there is an approximately linear decrease in growth from the intrinsic rate with no antibiotic to 394 zero growth when the antibiotic concentration is equal to the MIC. As a result, the intersection 395 between the curves for the wild-type versus resistant strain can occur at a low antibiotic 396 concentration, and the MSC is approximately equal to the MIC of the wild-type multiplied by the 397 selection coefficient. This leads to a low MSC for low selection coefficients. 398 efficacy above the MIC (19), also reduces the hazard of selection for resistance at concentrations 400 below the MIC. Simulated and empirical dose-response measurements in the subinhibitory region 401 are especially needed to evaluate the extent to which that 'pre-selection' of resistant strains may 402 occur at MSC levels below the MIC of the sensitive strain, in both clinical and environmental 403 settings. 404
Implications for resistance development hazard 405
Environmental-hazard and -risk assessments would benefit from determining how ambient 
Model scope, limitations, and future directions 428
The parsimonious analytical solution we developed addresses vertical gene transfer of antibiotic 429 resistance in a well-mixed environment as a function of fitness loss, competition, and antibiotic 430 concentration. There are many aspects of resistance dissemination that fall outside the scope of 431 this simple exercise, including horizontal gene transfer, interactions among multiple strains, spatial 432 arrangement of individual colonies, and heterogeneity in antibiotic exposure due to biofilms and 433 other mechanisms (2, 8, 11, 20, 51) . Additionally, the model operates on and describes the long-434 term competition dynamics between bacterial strains, rather than stochastic and dynamic changes 435 in net growth and competition over time. Thus, the derivation assumes that the parameters 436 governing growth (e.g., Rint, Dint, Dab) will reach relatively stable values when one strain 437 outcompetes another strain. This simplified model does not include parameters for the inoculum 438 effect, biphasic killing, delay functions, drug concentration changes, drug-insusceptible persister 439 cells, or adaptive resistance, all of which may occur in experimental settings. More sophisticated 440 pharmacokinetic-pharmacodynamic models, which incorporate these processes are needed to 441 characterize the bacterial time-kill curve and optimal dosing regimens (21-23). However, such 442 models do not lend themselves to an analytical solution similar to what we have provided. 443
Investigation of varying initial ratios of resistant versus susceptible bacteria indicate no effect on 444 selection coefficient, suggesting a limited importance of initial conditions, such as inoculum effect 445 (12, 16). Nevertheless, theoretical and experimental investigation of how short-term growth and 446 killing and other dynamic processes would impact the MSC/MIC ratio is warranted in future 447 studies, as is comparison of alternative models. 448
The primary benefit of the present model is in illustrating the MSC paradigm and the key drivers 449 of selection in simplified systems. As such, this paper adds to the growing scientific understanding 450 on how to interpret laboratory data on the MIC and other parameters for predicting the emergence 451 of resistance at subinhibitory environmental concentrations. It highlights the value of 452 characterizing the antibiotic dose-response (i.e., the Hill Coefficient κ), particularly at antibiotic 453 concentrations below the MIC. Ultimately, this quantification of resistance selection must be 454 integrated into a risk assessment framework that also considers environmental antibiotic 455 contamination, human exposure to and colonization by resistant bacteria, and the association 456 between colonization and infection (1 in laboratory empirical studies (19, 33) . Parameter data in supplemental material Table S4 . 630 in selected laboratory empirical studies (19, 33). Parameter data in supplemental material Table  665 S4. 666
